Abstract. This paper presents a strategy for the analysis of longitudinal data that suffer from differences in measurement instruments over time. For illustration, we used longitudinal Health Status (HS) data from a cohort of preterm born children. The strategy solved three problems: First, commonly known HS domains were not explicitly used. Therefore, expert ratings were used to fit the variables into HS domains. Second, it was unclear which HS variables at 5 years of age matched which variables at 10 years of age. Principal component analyses (PCA) was used to match the data between measurements. Third, the change between points of measurement were estimated by longitudinal PCAs using the matched HS data. The impact of background variables such as gender and birth weight on HS changes was studied. This strategy using an imperfect data set provided valuable information about the development of HS in children born preterm.
Introduction
A longitudinal design is useful for studying the late effects of perinatal factors such as preterm birth. Unfortunately, this design has some drawbacks including drop outs [10, 21] , selection bias and lengthy and expensive commitment. In addition, there is the necessity to use a consecutive series of age specific instruments, which may be difficult to compare between ages [20] . Instruments may also change to reflect scientific advances. For instance, health outcome studies in children until the 80s emphasized the physical functioning approach. More recently, a broader concept of quality of life has been commonly used which also includes psychological and social functioning. New standardized instruments are developed constantly and even a standardized instrument can change over time. Consequently, the measurement instruments may differ at different time points, which makes it difficult to analyze longitudinal changes.
In this paper an analysis strategy is presented that can be used to overcome these obstacles and real longitudinal data are used as an illustration. Before presenting our approach, we first describe the data in some detail, and discus and critique how such data are commonly analyzed.
Illustrative data
The data that we use in this paper is a set of longitudinal data collected from 688 children, preterm born in 1983 and enrolled in the follow-up program 'Project On Preterm and Small for gestational age infants (POPS)'. Details of the design and the results of this project can be found elsewhere [4, 17, 18] , but we will give a short description here. Originally, the project was designed to investigate the relation of prenatal and perinatal factors with mortality and morbidity. The survival rate of these children has improved and therefore scientific interest has shifted from mortality and morbidity towards Health Status (HS) in general, described as a combination of physical-, psychological as well as social functioning. Data were collected using trained pediatricians and parents as informants. For the present purposes we will only use the parent reports. Although much HS information obtained from the parents was available, the early part of the POPS project was designed to fit longitudinal analyses using the physician and not the parent as main informant. Furthermore, financial resources varied considerably over time. As a result, the amount and content of HS variables differed between points of measurement, as well as the administration procedure (a combination of mail and interview at age 5, postal questionnaires only at age 10). In the next section we will describe how this kind of data are commonly analyzed and explain the limitations. Next, we will describe a strategy to overcome this limitation.
Common approaches
In the data set we used, the data was not primarily organized to measure HS using the parents as informants. Furthermore, the number and the content of variables varied somewhat between points of measurement. This problem is not unique. For instance, Caputo et al. used age specific instruments to assess development in children with low birth weight [1] . The Cattell Infant Intelligence Scale and the Gesell Developmental Schedules were used at 1 year of age. The Wechsler Intelligence Scale for Children-Revised and the Visual Motor Gestalt Test were used at 7 to 9 years of age. Although from both points of measurement a developmental quotient (DQ) was obtained, the content of these DQs was probably considered to be too age specific. Therefore, analysis was restricted to correlations. In half of the longitudinal studies on preterm born children we inspected, no longitudinal HS analyses [13] were reported, or analyses were restricted to correlations between assessments and changes in HS [1, 6, 7, 9, 12] .
Saigal et al. [11] had a similar problem, but used a different approach. They wished to study data already collected in a group of children with extremely low birth weight compared to a control group. These data included a battery of standardized psychometric measures and various clinical data. Therefore, Saigal et al. [11] applied the Multi-attribute HS (MAHS) classification system retrospectively to the data, using particular computer algorithms. However, these computer algorithms were entirely based on expert ratings. This means that experts not only select which data to use, but also determine how to transform the scaling of the data. A new data set would therefore require new expert consensus in order to create new computer algorithms. In the present paper we suggest an alternative strategy to cope with differences between points of measurement.
Questions to be answered
Using our illustrative data set, the following three questions were answered:
1. Which variables are considered HS variables? 2. Which HS variables at 5 years of age match which variables at 10 years of age? 3. How to estimate change when categories are different between points of measurement?
Which variables are considered HS variables?
In our data set commonly used HS domains were not explicitly mentioned. HS is in the literature divided into subdomains like physical complaints, motor functioning, autonomy, cognitive functioning, emotional functioning and social functioning [19] . Assignment of the variables at age 5 and 10 to HS subdomains depends on the content of the questions and therefore we can not do without expert opinions here.
Strategy of variable selection. First, we confronted five experts with the total list of variables that were assessed by the parents. These experts were two pediatricians (A.O, S.V., see the authors' names) and three developmental psychologists (N.T, H.K, E.V.). They were asked to give their independent opinion whether or not a variable belonged to one of the six subdomains. If this was the case, they wrote the number of the domain behind the variable at the list. This resulted in five independent judgements about each variable. Second, a variable was selected if at least three out of five experts agreed that the variable belonged to a HS sub-domain. If less than three out of five experts agreed, selection was reconsidered by a developmental psychologist and a pediatrician (N.T, A.O.). The final result was again presented to the forum of experts, and they approved of the variable selection made. As a result, a set of 34 variables at 5 years of age and a set of 47 variables at 10 years of age became available (see Appendix).
Which HS variables at 5 years of age match which variables at 10 years of age?
At different points in time, different sets of variables were used. Although at first sight the wording of the variables presented in the Appendix seems to match between ages, many variables were not equal in wording in the Dutch original of both question and categories (see for instance the items in physical complaints or motor functioning). Furthermore, the layout and content of the questionnaires was different, which may have influenced the way they were answered. Therefore, we had to compare variables between points of time in order to find a match that could serve in the longitudinal analyses.
Analysis method. To match the selected HS variables we used a generalization of classical principal component analysis (PCA), called CATPCA ) [8] (also, see [5, 16] for other applications). CATPCA is a Principal Components Analysis for categorical data or mixed categorical and interval level data. CATPCA is included in SPSS Categories 10.0 [8] (and was formerly known as PRINCALS, which is included in earlier versions of SPSS Categories). CATPCA simultaneously fits the principal components model and finds optimal quantifications (scores) for categorical variables. The ordinal or nominal information in the categorial variables is retained in the optimal quantifications. Replacing the categories of the original variables with the optimal scores, results in optimally transformed variables. Optimal quantification in CATPCA implies that the average proportion of variance accounted for by the transformed variables is as large as possible. CATPCA analyzes the data matrix, not the correlation matrix, obtaining a joint representation of subjects and variables in a number of dimensions (dimensions correspond to principal components).
The results of a CATPCA analysis can be divided into three main parts: quantifications for the categories of the variables, scores for the subjects (with mean of zero and unit variance), and component loadings for the transformed variables. In CATPCA, treatment of missing data can be specified per variable. There are four options: impute the mode of the variable, impute an extra category, passive treatment (exclude missing values on a variable from the analysis), and listwise deletion (exclude objects with missing value on a variable from the analysis). More details can be found in [2] , and in the CATPCA Algorithm Description, which can be found at http://www.spss.com/tech/stat/Algorithms. htm). We used passive treatment of missing data in our analyses. This means that in optimizing the quantifications of a variable, only subjects with valid values on the variable are involved, and that only valid values of a variable contribute to the solution.
Data preparation.
To match variables we need to exclude the effect of change in time, therefore the matching analyses require a data matrix with subjects in the rows and variables at age 5 and at 10 in the columns. Variables to be included in a CATPCA analysis as ordinal or nominal preferably have well-filled categories. Some variables had categories with very low frequency. These variables were recoded to merge the low-frequency category with another category.
Step A: Grouping variables to control for domains. First, all HS variables were included in a categorical CATPCA analysis to see if the variables would group together by HS subdomains, regardless of time of measurement. This analysis accounted for a proportion of total variance of 19% (dimension 1 = 13%, dimension 2 = 5%). Additionally, CATPCA reports the eigenvalues (amount of variance accounted for). The eigenvalues are related to Cronbach alpha coefficient [3] , which is also reported. We found a Cronbach's alpha of .92 for dimension 1 and an alpha of .78 for dimension 2. The relationships between the variables are displayed graphically in figures 1 and 2. In figure 1 , the positions of the variables and their distance to the center of the graph (zero point) are determined by their correlations with the principal components, the so-called component loadings. The distances between the variables (inversely) represent the correlations between them. As can be seen in figure 1 , there is a very strong first component (Dimension 1): all variables point in the positive direction. In the second dimension, the analysis partitioned the variables into two clusters: motor (M), autonomy (A) and cognitive (C) variables at the top, emotional (E) and social (S) variables at the bottom, and physical (P) variables in between. The clustering of motor functioning with autonomy, and emotional with social functioning is considered an obvious one. Apparently, the children with motor-autonomy problems experience cognitive problems as well. A more important result of this analysis is that the variables of each HS sub-domain are grouped together, irrespective of time of assessment. Therefore, the variables in these subdomains could be matched at different points in time.
Step B: Likely combinations of variables. Fifteen combinations of variables were inspected that a priori were considered to be good matches according to their meaning (see also the Appendix). For instance, the variable 'cannot concentrate' at age 5 (c1) was almost identical in formulation to a similar variable at age 10 (C1) Their position in relation to the center of the graph is alike and the distance between these variables is small. This is shown in figure 2 , a close-up of figure 1. At age 5 another cognitive variable was assessed as being analogous in meaning to the 'cannot concentrate' variable mentioned previously, which is 'problems with concentration' (c2). Figure 2 shows that the distance between these variables at age 5 is small. As we already found a match for c1, this last variable could be removed from further analyses. Other variables, such as 'finding words' (c8), were not repeated which made matching impossible. Step C: New combinations. For some variables, the matching at different time points was debatable and needed further analyses to demonstrate their usefulness. Therefore, a second CATPCA was performed including the 18 combinations mentioned above, excluding variables analogous in meaning to these 18 combinations, and excluding HS aspects that were not repeated in time, but including doubtful cases. The second analysis accounted for a proportion of total variance of 22% (Cronbach's alpha's: dimension 1 = .88, dimension 2 = .68). The same two main clusters were found as in the first analysis, confirming that the selected variables still covered the same HS aspects. In addition to the 15 combinations of variables already established, one new combination was found. A priori the two variables did not have the same content, but it could be argued that they belonged together: 'stiff movements' at age 5 and 'walking' at age 10 both represent problems with moving. Step D: Final combinations. A third CATPCA was performed with the 15 old and the one new combination, which accounted for a proportion of total variance of 23% (Cronbach's alpha's: dimension 1 = .89, dimension 2 = .55), with the same two bundles found as in the first analysis. An additional complication was that the categories of two variables to be combined were not comparable, so the categories had to be merged in a rational way. To do this, the recoding was done by using the optimal quantifications given by CATPCA for the separate variables. Table 1 shows how the categories were merged by the authors: the optimal quantifications of both variables were visually compared and used 
How to estimate change when categories are different between points of measurement?
We have finally come to the central objective of this exercise: the longitudinal analyses. Usually in longitudinal analysis on complete datasets, repeated measurement MANOVAs are used. However, because the variables in our data set had different categories at different points of measurement, an alternative strategy had to be followed here as well. The aim of the longitudinal analysis is twofold: to investigate the relationships between HS variables over time, and the relationships between background variables and HS development. These aims were simultaneously addressed by a new CATPCA.
Data preparation.
To study change over time, the data were reorganized as follows: The columns of the data matrix contained the 16 selected variable combinations, and the rows the observations on the 688 children at time point 5 and 10 years of age, placed below each other. Thus, the data matrix contains 1376 rows, each subject appearing two times. The CATPCA analysis will give one set of optimal quantifications and one set of component loadings for the variables, but two sets of scores for each subject, one for each time point, displaying the development over time with respect to the variables. In addition to this data matrix, categorical interaction variables were created combining the information about time point and each of the background variables gender and birth weight. Because there were two time points and gender has 2 categories, and birth weight 3 categories, the time × gender variable has 4 categories, and the time × birth weight variable 6 categories.
Step 1: Performing the longitudinal analyses. The longitudinal CATPCA analysis was based on the original 16 HS variables. To investigate the relation between the time × background variables and the structure found using the 16 HS variables, the time × background variables should be treated as supplementary variables, that is, they should not be included in the analysis, but fitted into the recovered structure between the 16 HS variables. CATPCA has an option to treat variables as supplementary. The 16 HS variables were given an ordinal optimal scaling level, while the time × background variables were treated as nominal variables because their categories are unordered. The proportion of variance accounted for by the longitudinal CATPCA was 31%. Dimension 1 accounts for 22% (alpha = .76) and dimension 2 for 9% (alpha = .36).
Step 2: Inspecting ordinality of HS variables. At the vertical y-axis in figure 3 , category quantifications are displayed for ordinal variables having more than two categories. The zero score represents the mean score of the total sample over two time points. The horizontal x-axis gives the original category numbers. As can be seen in the figure, the categories of the presented variables are ordinal and in four out of six cases almost at interval level. In all HS variables the lowest category represents the absence of a Figure 3 . Category optimal scaling scores of variables with more than two categories, resulting from the longitudinal analysis.
problem (see Appendix for the category contents). Only the lowest ordinal categories, representing no problems, have quantification scores below zero. The majority of the other categories, representing HS problems, obtained scores higher than zero. It can be concluded that a score of zero represents minor problems, which in turn corresponds with the fact that the study group on the whole had minor HS problems on average.
Step 3: Interpreting the first dimension. Using the CATPCA results, the HS variables can be depicted graphically as vectors (arrows) in figure 4 . Like in figure 3 , the zeropoint in figure 4 represents the mean component score of the sample. All variables have a positive correlation with the first dimension (horizontal x-axis) resulting in a Cronbach's alpha of .76. Since the coding of these variables, implies that high category scores mean more HS problems, the underlying factor of Dimension 1 is HS problems. 'Lung problems' does not fit very well (short vector) and seems to be not important as an HS indicator. The lower score ends of the vectors (at the left-hand side of figure 4 ) indicate the absence of problems such as 'not tense' and 'no speech problems'. Not shown in this figure is that seventeen percent of the subjects have their component scores in the area spanned by the no-problem ends of the vectors at age 5 but not at age 10. This indicates no HS problems yet at 5, but HS problems by 10 years of age. Sixteen percent had no HS problems at age 10 although they had HS problems at age 5. Thirty-five percent of the subjects had HS problems at both ages and 32% of the sample had no HS problems at both ages.
Step 4 'vision problems' and 'hearing problems' has hardly any correlation with the bundle 'tense,' 'unhappy,' 'worried' and 'felt-picked-on.' The first bundle can be interpreted as problems in basic functioning and the last as negative moods. Between these bundles is a bundle close to the horizontal axis with 'school problems,' 'not concentrated,' 'unsociable,' 'wriggling,'
'reticent,' 'afraid,' and 'clumsiness.' Together they indicate concentration problems with both cognitive and behavioral components.
Step 5: A closer look at the bundles. Usually, Cronbach's alpha between variables is computed on the basis of the original variables. In our case, the variables were optimally transformed. CATPCA produces transformed variables, which are approximated by the sum over dimensions of the component scores weighted by the component loadings in each dimension (The approximated scores for a variable are obtained by multiplying the subject (component) scores by the variable's component loadings, for both dimensions, and then summing over dimensions). Looking at the representation of the variables in two dimensions, Cronbach's alpha for the three variable bundles were computed on the estimated scores. Basic functioning problems had a Cronbach's alpha of .97, concentration problems had an alpha of .99, and negative moods had an alpha of .99 as well.
Step 6: Selecting key variables. Often, bundles of variables are added up to form scales. As an alternative, we may select from each bundle of variables a key variable, to represent the other variables in the bundle for further investigation. Selection was not based on the highest loading, but on the representativeness for the other variables. This representativeness was based both on content and on a central position of the key variable in the bundle. However, choosing another variable from the bundle as the key variable will give highly comparable results. From the basic functioning bundle we selected 'speech problems,' from the negative moods bundle we selected 'tense,' and from the concentration bundle we selected 'not concentrated.'
Step 7: Relationships between background variables and HS development. In figure 4 the relationships between the time × gender variable and the HS variables are graphically presented by displaying the category quantifications of the time × gender variable in the plot of the component loadings of the HS variables. The interpretation of the relationships is obtained by projecting the category points onto the vectors representing the HS variables. For example, the dotted lines in figure 4 point to the position of boys and girls at age 5 and age 10 with respect to 'tense' (the negative moods bundle). We see a large time effect; both boys and girls score low on 'tense' at age 5 compared to age 10, and boys at age 10 score higher than girls. As another example, projection of the category points onto 'speech problems' (the basic functioning bundle), shows a decrease of problems from age 5 to age 10. The relations between gender, time, and the key variables are more clearly displayed in the figure 5(a)-(c) . Moreover, the relations of the other two background variables with the three key variables are displayed as well. The plots in figure 5 were derived from figure 4 in the following way: projection of the category quantifications of a time × background variable on a HS variable gives projected scores for the time × background variables. These projected scores are displayed in figure 5 (such plots are optional output in CATPCA). In addition we have connected the projected scores for time point 1 and time point 2 to show the development over time more clearly. Differences between groups in arrow length shows group effects, total length shows change over time and parallel lines indicate no interaction between group and time. Differences with respect to the optimal scaled key variables were tested with Repeated Measures ANOVA, testing the sources of variation between groups and within groups between age 5 and 10 (see Table 2 ).
Final results. Overall a large time effect is shown. The amount of basic functioning problems tends to decrease in time, negative moods increase and concentration problems increase slightly in all background variable groups. Boys have more problems in basic functioning and more concentration problems than girls (see figure 5(a) ). At 5 years of age, boys have less negative moods than girls. At 10 years of age, boys have slightly more negative moods than girls. The group differences between boys and girls as well as time differences between 5 and 10 years of age are significant. In addition, gender × time interactions are significant in basic functioning problems and negative moods. It can be concluded that boys have more problems than girls at both points of measurement, although the nature of the problems are the same for both sexes. Differences between birth weight groups are significant for negative mood and concentration problems only (see Table 2 ). Lower birth weight relates to more HS problems (see figure 5(b) ).
Validity of the strategy
Expert ratings were used to fit variables from a large pool into HS domains, which supported content validity of the initially selected variables. During the analysis performed to match variables over time, the variables of each HS sub-domain grouped together, irrespective of time of assessment (see figure 1) . In turn, this proved the construct validity of the expert ratings.
Although it appropriate to analyze ordinal variables with optimal scaling techniques, it could be questioned whether the variables that were matched at age 5 and age 10 would have grouped together when not quantified by the CATPCA. Therefore, Spearman's rho correlations were computed using the 16 final pairs of original variables at age 5 and age 10. Convergent validity was confirmed completely: all original variables at 5 years of age correlated significantly ( p < .01) with their partner variables at 10 years of age (results not shown). Discriminant validity was confirmed for the most part: 13 out of 16 of the variables at 5 years of age correlated better with their partner variable at 10 years of age than with other variables (results not shown). From the three original variables that failed discriminant validity, two correlated higher with another variable within the same problem area (concentration problems). Thus, the common approach of using rank-correlations would basically have given the same relationships between variables, and construct validity would have been supported.
The main problem areas we found and the order in which they appeared-basic functioning, concentration and negative moods-are considered to be clinically and psychologically relevant, and are supported by findings in the literature (for instance, [14] ). More pediatric details about the HS changes of the POPS cohort are described elsewhere [15] . Groups at the highest risk were children born preterm with handicaps, with a low birth weight corrected for gestational age, sex and parity, and boys. It is of interest that the groups which appear at risk according to the present method, are known risk groups this can be interpreted as a criterion related validation of the study's method.
Conclusion and discussion
We presented a to reconstruct changes in HS in spite of the initial differences in measurement instruments at different time points. As an illustration, a challenging longitudinal data set was used. To start with, it was unclear which variables were considered HS variables. Furthermore, it was not always clear which HS variables at 5 years of age matched which variables at 10 years of age. Finally, change between points of measurement had to be estimated in spite of differences between categories. By using the present reconstruction technique, it was unnecessary to restrict analyses to correlations between assessments and we could study changes in HS. Furthermore, expert ratings were used to select but not to recode the variables. Interpretation of which original score represents which problem level is entirely empirically based. Consequently, it was possible to stay close to the original data. As a bonus, instead of studying the changes in HS subdomains one by one as previously with children born preterm [1, 9, 13, 14] , the present method allows for new combinations of domains. Consequently, it is possible to pinpoint the problems that are relevant for the development of preterm born children.
The longitudinal results of the present study may in fact be an artifact of the reconstruction method. At age 5 the parents completed the questionnaire together with the pediatrician 'if necessary'. At age 10 the pediatrician was not present. The parents may have been biased at age 5 by the stress put on basic functioning problems by pediatricians, since clinicians emphasize other HS problems than parents do. Nevertheless, the initial selection of HS variables, the relationship between partner variables, the main problem areas we found, and the order in which they appeared-basic functioning, concentration and negative moodsare considered valid. In the future, prospective research could be used to judge the validity of the findings.
The described strategy is complex some details had to be omitted. Researchers considering this strategy can obtain more details from the authors.
In conclusion, longitudinal studies have to cope with the consequences of using age specific instruments and with changes in scientific ideas during the research period. In this paper we described a strategy to overcome the problem of using different measurement instruments at different time points. At the same time, we stayed as close to the original data as possible. The 'common knowledge' results we found in preterm born children gave confidence in the method used. Although prospective research will be needed to judge the validity of the findings, the method presented allows an imperfect data set to provide valuable information about changes in health status.
